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Abstract: Spatiotemporally representative Elementary Sampling Units (ESUs) are required for
capturing the temporal variations in surface spatial heterogeneity through field measurements.
Since inaccessibility often coexists with heterogeneity, a cost-efficient sampling design is mandatory.
We proposed a sampling strategy to generate spatiotemporally representative and cost-efficient
ESUs based on the conditioned Latin hypercube sampling scheme. The proposed strategy was
constrained by multi-temporal Normalized Difference Vegetation Index (NDVI) imagery, and the
ESUs were limited within a sampling feasible region established based on accessibility criteria.
A novel criterion based on the Overlapping Area (OA) between the NDVI frequency distribution
histogram from the sampled ESUs and that from the entire study area was used to assess the
sampling efficiency. A case study in Wanglang National Nature Reserve in China showed that the
proposed strategy improves the spatiotemporally representativeness of sampling (mean annual
OA = 74.7%) compared to the single-temporally constrained (OA = 68.7%) and the random sampling
(OA = 63.1%) strategies. The introduction of the feasible region constraint significantly reduces in-situ
labour-intensive characterization necessities at expenses of about 9% loss in the spatiotemporal
representativeness of the sampling. Our study will support the validation activities in Wanglang
experimental site providing a benchmark for locating the nodes of automatic observation systems
(e.g., LAINet) which need a spatially distributed and temporally fixed sampling design.
Keywords: spatiotemporal representative; cost-efficient, sampling design; heterogeneity; validation
1. Introduction
Accurate spatiotemporal characterization of land surface heterogeneity [1–3] is essential for
remote sensing [4] and the land surface [5] modeling. The assumption of surface spatial homogeneity
within the Elementary Modeling Unit (EMU) (e.g., a pixel for a remote sensing image or a grid for
a land surface model) induces scaling errors [6,7]. This is especially the case for coarse spatial
resolution EMU and satellite land surface products with resolutions ranging from 500 m [8] to
5 km [9]. The magnitude of the scaling error is determined by the nonlinearity of the process to be
modeled and the surface heterogeneity within the EMU which is often ignored [10,11]. Quantifying the
sub-pixel/-grid heterogeneity is the prerequisite for the parameterization, calibration and validation
of the remote sensing and the land surface process models [1,12].
Spatiotemporal representative field measurements are required to reproduce the surface
heterogeneity within a coarse spatial resolution EMU and to support validation of satellite surface
products. However, labour-intensive field measurement collection is usually limited by budget and
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time constraints. In this sense, the design of efficient sampling strategies preserving the statistics of the
population [13–15] within an affordable cost is urgently needed.
The Land Product Validation (LPV of the Committee Earth Observing Satellites’ Working Group
on Calibration and Validation (CEOS WGCV) recommended a two-stage nested sampling framework
to account for the multi-scale nature of the heterogeneity [16]. Fine spatial resolution satellite imagery
(about 30 m) are used as a bridge to upscale field measurements to the EMU scale. One of the key points
in this framework is the introduction of Elementary Sampling Unit (ESUs) that has approximately the
same size as the fine resolution image pixel. Another key point in this framework is the establishment
of a transfer function to relate the field measurements over the ESUs with the fine resolution image
data. This transfer function can then be used to generate a fine resolution reference map which serves
as the benchmark to characterize the surface heterogeneity within the EMU’s coarse spatial resolution.
The two-stage nested sampling refers to the sampling of field measurements within the ESU and the
sampling of ESUs within the EMU [17]. At ESU scale, square, cross or transect sampling schemes
are recommended depending on the measuring instrument and the characteristics of the surface [17].
The sampling scheme at the EMU scale is still far from mature.
The most commonly used sampling strategies at the EMU scale can be categorized into random,
systematic, and stratified sampling [18]. Recent researches have increasingly relied on the stratified
sampling based on a priori information. Stratified sampling strategies firstly select auxiliary variables
which can be easily generated from remote sensing observations (vegetation indices, generally) to
represent the target variables (e.g., leaf area index, fractional vegetation cover and chlorophyll content),
then subdivide each auxiliary variable into several strata, and finally sample the plots randomly
within each stratum. Stratified sampling strategies are assumed to be capable of optimally capturing
the variability across the site extent [13,19–21]. The conditioned Latin hypercube (CLH) sampling
is among the most appealing stratified sampling strategies [22]. CLH was proposed in the context
of digital soil mapping, but has been used in many other fields because of its representativeness
and extensibility [22–24]. Recently, Zeng et al. [25] and Yin et al. [14] introduced this method to the
ESU sampling.
Existing researches on field sampling design generally focused on capturing the landscape spatial
heterogeneity by distributing the ESUs across the entire study area [16,18–21]. Two key issues, which
are the main scientific questions addressed in this paper, were often ignored in traditional ESU
sampling schemes: First, the spatial heterogeneity changes over time. Second, some parts of the study
area may be inaccessible because of the rugged terrain, lack of roads or barrier of river. Addressing the
temporal dynamics of the surface spatial [26,27] is key for the development of the near-surface
remote sensing technologies which can provide long-term measurements automatically [28–30].
Zeng et al. [25] employed multi-temporal vegetation index maps as a priori information to constrain
the sampling process and generate spatiotemporally representative ESUs. However, the accessibility
of the sampling plots was neglected in this scheme [25] which may be critical in traffic inconvenient
regions. In fact, the cost limitation in field campaign was already considered by few previous studies.
Yin et al. [14] incorporated a cost-objective function to traditional CLH to define a cost-efficient
sampling design. However, some inaccessible ESUs may remain in this sampling scheme, which
is based on a global minimization of the cost-objective function. In addition, the temporal
variation of the spatial heterogeneity was not considered. To summarize, the spatiotemporally
heterogeneity and cost limitation were separately accounted for by [14] and [25], respectively.
However, an integrated approach for defining an optimal sampling design capturing the land surface
spatiotemporally heterogeneity in a cost-efficient way is still urgently needed. This sampling design is
especially important for mountainous areas which are characterized both by extreme heterogeneity
and inaccessibility.
The Wanglang Integrated Observation and Experiment Station for Mountain Ecological Remote
Sensing was recently established in the Wanglang Nature Reserve, one of China’s first nature reserves
established to protect the giant panda in 1965. Temporally continuous field measurements of
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biophysical variables (including leaf area index, fractional vegetation cover, fraction of absorbed
photosynthetically active radiation) are planned to be implemented in 2018 to support the
parameterization, calibration and validation of the remote sensing and the land surface process
models. Establishing an optimized sampling design to generate spatiotemporally representative and
cost-efficient ESUs is the prerequisite for the planned measurements in Wanglang experimental site
and the main objective of this paper.
2. Study Site
The Wanglang Nature Reserve (Figure 1) is located in the Hengduan Mountains, a global
biodiversity hotspot. The reserve covers approximately 320 km2 with altitudes ranging between
2000 and 5000 m (Figure 1c). It receives 862.5 mm of rainfall annually, with the lowest mean air
temperature of −6.1 ◦C in January, and the highest at 12.7 ◦C in July [31]. The major vegetation types
include deciduous forest, conifer-deciduous mixed forest, and conifer forest. The transportation is
inconvenient with the roads built along rivers (Figure 1b). Most of the parts in the reserve are difficult
or even impossible to visit.
Based on the reserve, the Wanglang Integrated Observation and Experiment Station for Mountain
Ecological Remote Sensing was established in 2017. One of the scientific objective of this station is
to implement temporally continuous validation for existing remote sensing products. To complete
this objective, temporally continuous field measurements are planned to be implemented in 2018.
Wireless sensor network system, which needs the support of permanent ESUs [25], is an efficient
means to collect these temporally continuous field measurements [28,30].
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Figure 1. (a) Map of China with the location of Wanglang experimental site. (b) A Landsat 8 Operational
Land Imager (OLI) image and (c) an elevation map of the study area. The roads and the feasible
accessible region are shown.
3. Materials and Methods
3.1. Auxiliary Satellite Imagery
We used Normalized Difference Vegetation Index (NDVI) [32] as the auxiliary variable to represent
the target biophys cal properties. NDVI has been demonstrat d to show a strong orrelation with many
biophysical variables in luding leaf area index (LAI) [11,33], fraction of bsorbed photosynthetically
active ra iation (FAPAR) [34,35], and fraction of vegetation cover (FVC) [36,37]. In addition, the NDVI
reduces the sensitive to topographic effects due to its ratio formulation [38,39].
NDVI maps of the study area were here computed from Landsat top of canopy reflectance data in
the near infrared and red bands. Landsat data were downloaded from the United States Geological
Survey (USGS) EarthExplorer (https://earthexplorer.usgs.gov/) [40]. The Landsat reflectance data
were atmospherically corrected using the Second Simulation of the Satellite Signal in the Solar
Spectrum-Vector (6SV) model [41].
Remote Sens. 2017, 9, 1217 4 of 14
To capture the seasonal variations of the vegetation, we collected five scenes of images spanning
nearly the whole growing season peak in our study area: Day of Year (DOY) 152, 197, 240, 261,
296. Because of the cloud contamination, no single year can provide cloud-free images covering the
whole growing season peak. The five selected scenes were from different years and sensors (Table 1).
This treatment neglected the inter-annual variation of vegetation and the difference in spectral response
function between Landsat 8/OLI and Landsat 5/TM.
Table 1. Overview of Landsat data (path: 130, row: 37) used in this study.
DOY Year Satellite/Sensor
152 2014 Landsat 8/OLI
197 2013 Landsat 8/OLI
240 2011 Landsat 5/TM
261 2007 Landsat 5/TM
296 2014 Landsat 8/OLI
3.2. Definition of the Sampling Feasible Region
The study area is characterized by inaccessibility because of the rugged terrain, lack of roads
and barrier of river. Therefore, we should consider the cost limitation when determining the spatial
distribution of the ESUs. Different from Silva et al. [24] and Yin et al. [14], who calculated the visiting
cost for each pixel and incorporated a cost-objective function to constrain the sampling process,
in this paper, we first established the feasible region for the ESU sampling within an affordable cost.
The establishment of feasible region avoid the generation of unaffordable ESUs located in inaccessible
regions, which is a potential problem of the methods of Silva et al. [24] and Yin et al. [14].
The feasible region (Figure 1) is defined according to two practical criteria:
I. The distance between the ESUs and the roads should be less than 1000 m.
II. The ESUs and the roads should be on the same side of the rivers.
The criterion I considers the influence of the rugged terrain and lack of roads. Note that the
distance threshold of 1000 m was set according to expert experiences, and it directly influence the cost
and the spatiotemporal representativeness of the sampled ESUs. The criterion II considers the block of
rivers. The roads in our study area are often built along the rivers, so the ESUs and the roads should
be on the same side of the rivers to avoid crossing rivers.
3.3. Multi-Temporal Constraint Sampling Based on the Conditioned Latin Hypercube (CLH)
The proposed sampling scheme aims to obtain representative samples and reproduce the
probability distribution functions of the five NDVI maps (Table 1) using n spatially-distributed
and temporally-fixed ESUs. It is based on the CLH sampling procedure [22] and iteratively selects
samples from the NDVI maps by using a stratified random sampling scheme based on the cumulative
distributions of NDVI. CLH is implemented by the following steps:
I. Divide the probability distributions of NDVI for the five dates into n equiprobable strata.
II. Randomly pick one sample (ESU) per stratum. The location of the ESUs is constrained within the
feasible region (Figure 1).











where n is the number of ESUs, k is the number of NDVI maps (k = 5, in this study), ηij is the times that
a stratum i on date j is sampled.
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IV. Perform an annealing schedule [42] to minimize the objective function. To avoid being trapped in
a local optimum, the simulated annealing algorithm accepts some of the changes that worsen the
objective function, and the probability of accepting a worse sample is given by:
p = exp(−∆O/T) (2)
where ∆O is the change in the objective function and T is a control parameter for optimizing
the global minimization of the objective function O. For each T value (between 0 and 1) there
is a corresponding probability p to get out of a local minimum in the minimization procedure.
The greater of T, the higher probability to get out of a local minimum, but with more computation
time, and vice versa. We fixed the initial value of T to 1 and it was decreased by a factor 0.95
during each iteration.
V. Perform the replacement of an ESU in the selected sample with an ESU outside the current
sample. The replacement can be random or systematic, according to a probability of F.
Specifically, generate a random number rand, if rand < F, pick a ESU randomly from currently
generated sample (random replacement) and swap it with a random ESU outside the current
sample. Otherwise, remove the ESU from current sample which has the largest overall objective
function value (systematic replacement), and replace it with a random ESU outside the current
sample. The value of F was fixed to 0.5 using a trial-and-error approach.
VI. Repeat steps III–V a number of 5000 iterations to converge to the final solution.
3.4. Evaluation Approach
Similar to the VALERI’s sampling protocol [17], the size of the ESUs corresponds to the size
of the pixel of the high spatial resolution satellite data, i.e., the 30 m of Landsat data in our case.
The NDVI values for each ESU and for the different dates were extracted from the five Landsat NDVI
maps (Table 1). To quantitatively evaluate the capacity of the multi-temporally constrained (MC)
sampling strategy for reproducing the NDVI values across the study area and for the different dates,
we computed the Overlapping Area (OA) between the NDVI frequency distribution histogram from
the ESUs (denoted by Fs) and that from the entire study area (denoted by Fp) considering the NDVI





The numerator denotes the overlapping area of Fs and Fp, and the denominator represents the
area of Fp.
R2 and root mean square error (RMSE) between the mean NDVI values from the ESUs and the
average values for the entire study area for each date were also computed to quantify if resulting ESUs
can preserve the average state of the study area.
The proposed multi-temporally constrained (MC) sampling was compared with two alternative
sampling schemes: the single-temporally constrained (SC) sampling that uses only one NDVI map
(DOY 197) to construct the objective function (Equation (1)) and the random sampling (RS) without
addition constraints. Similarly to MC, the distribution of samples for the SC and RS schemes
were limited to the feasible region. Finally, a multi-temporally constrained sampling with ESUs
located across the entire study area (MCE) was used for evaluating the theoretical impact in terms of
spatiotemporal representativeness of introducing a feasible region for the cost limitation. Note however
that the MCE sampling design is unaffordable in the practice due to the inaccessibility of some of
the ESUs.
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4. Results
4.1. Influence of the Number of Elementary Sampling Units in the Spatiotemporal Representativeness
To determine the minimum number of ESUs required to capture the spatiotemporal heterogeneity
of the study area, we analyzed the variations of the mean OA of the five dates as a function of the
number of ESUs (Figure 2). The OA increases with the number of ESUs indicating, as expected, that the
spatiotemporal heterogeneity of the study area can be better represented with a higher number of
ESUs. The OA can be well fitted (R2 = 0.99) by an exponential function:
OA = 0.74 − 0.37exp(−0.11n) (4)
where n is the number of ESUs. For low n values, the OA increased rapidly with n. For high n values,
the OA reaches an asymptotic value of 0.74. For n = 20 samples, 70% of the heterogeneity of the study
area is well represented. This cut-off point of n = 20 was fixed as the minimum required number
of ESUs.
Note that about 25% of the spatiotemporal heterogeneity cannot be represented by the MC
sampling scheme (Figure 2). This may be partially explained because the samples were located in
a feasible region significantly smaller than the entire study area and may not completely cover all the
range of vegetation conditions (Figure 3).
Figure 3 shows the spatial distribution of the 20 selected ESUs by the multi-temporal and cost
constrained sampling strategy within the pre-defined sampling feasible region.
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4.2. Performance Evaluation: Comparison with Alternative Sampling Designs
Figure 4 shows the NDVI frequency distribution histograms of the 20 selected ESUs for the
four sampling strategies: random sampling (RS), single-temporally constrained sampling (SC),
and multi-temporally constrained sampling both in the feasible region (MC) and in the entire study
area without the sampling feasible constraint (MCE).
The MCE sampling strategy performed the best and reconstructed the NDVI frequency
distribution histograms of the entire study area for the different dates more accurately than the
feasible region constrained sampling designs. The introduction of sampling feasible region slightly
degreased the spatiotemporal representativeness of sampling but, in general, the three methods
RS, SC and MC applied for the feasible region can all preserve the overall shapes of the frequency
distribution histograms of the entire study area (red lines in Figure 4), with the MC performing the
best. On DOY 152, RS under-sampled the interval 0.4–0.65 and over-sampled the NDVI interval
0.8–0.85. On DOY 261, RS and SC both under-sampled the NDVI intervals less than 0.6. On DOY 197,
all methods significantly over-sampled high NDVI values for the range 0.85–0.9.
The comparison of the OA for the four sampling strategies (Table 2) showed that MCE performed
the best during the whole study period (OA = 83.5%) followed by MC (OA = 74.7%). RS performed
the worst (OA = 63.1%) because it exploited no a priori information. The efficiency of SC was
between RS and MC (OA = 68.7%), but it improved the spatiotemporal representativeness for DOY
197 (OA = 75.9%) because this specific date was used to constrain the SC sampling procedure.
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Figure 4. NDVI frequency distribution histograms of 20 selected elementary sampling units for the
four sampling strategies (from top to bottom): random sampling (RS), single-temporally constrained
sampling (SC), and multi-temporally constrained sampling (MC) in the feasible region (MC) and in the
entire study area without the sampling feasible constraint (MCE). The red lines represent the NDVI
frequency distribution histograms of the entire study area.
Table 2. Overlapping area (OA, %) for random sampling (RS), single-temporally constrained sampling
(SC), and multi-temporally constrained sampling applied to the feasible region (MC) and to the entire
study area (MCE).
DOY RS SC MC MCE
152 50.3 64.2 72.2 85.8
197 72.0 75.9 71.3 82.3
240 62.2 70.7 74.1 83.2
261 63.2 67.8 82.9 84.0
296 68.0 65.0 72.8 82.0
Annual mean 63.1 68.7 74.7 83.5
The scatterplots between the average of sampled NDVI and the average NDVI calculated from the
whole study area were also analyzed (Figure 5). The MCE method was the most accurate (RMSE < 0.01)
for NDVI sampling (R2 = 0.99). The three sampling strategies constrained to the feasible region all
overestimated the regional means. The feasible region is located in the lowland areas which generally
have better hydrologic and thermal conditions than highland areas for vegetation growth. Compared
to the RS and SC, MC sampling significantly alleviated the overestimation phenomenon.
The reduction of standard deviation from the ESUs compared to that from the entire study area
indicates the information loss on spatiotemporal heterogeneity [12]. Figure 5 shows that the RS had
the smallest standard deviation for each DOY, followed by SC and MC. MCE and MC show similar
variability in terms of the standard deviation. This demonstrates the efficiency of CLH strategy for
defining spatiotemporal representativeness sampling schemes.
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Figure 5. Scatterplots between the average sampled NDVI and the average true NDVI values for
the entire study area and for the five different dates. (a) Random sampling in the feasible region.
(b) Single-temporally constrained sampling in the feasible region. (c) Multi-temporally constrained
sampling in the feasible region. (d) Multi-temporally constrained sampling in the entire region. The bars
indicate the standard deviations.
5. Discussion
This study proposed a novel sampling strategy to generate spatiotemporally representative
and cost-efficient ESUs. Comparing to existing study about ESU sampling methods [14,20,25],
our method can make an appropriate compromise between spatiotemporal representativeness and
implementation cost, so it is particularly useful for heterogenous and traffic-inconvenient regions,
e.g., mountainous regions.
The multi-temporal constrained sampling was demonstrated to better capture the spatiotemporal
surface heterogeneity compared to random or single-temporal constrained methods. The introduction
of the feasible region (Figure 1) reduced about 9% the spatiotemporal representativeness of the
multi-temporal constrained sampling based on CLH (compare MC and MCE in Figure 4 and Table 2).
The feasible region is located in lowland areas with high NDVI values and may not completely
represent all the range of conditions of vegetation in the entire mountainous region, which is
characterized by a vertical negative gradient in NDVI (Figure 5). However, the feasible region was
established based on accessibility criteria and the spatial distribution of the available roads in the
study area. The loss of information of the feasible constrained sampling (MC) is compensated by the
significant reduction of the implementation cost.
A sensitivity analysis showed that 20 ESUs can reproduce 70% of heterogeneity of the study area.
The distribution of the 20 selected ESUs within the pre-defined feasible region showed some spatial
aggregation (Figure 3). This phenomenon was often criticized for information redundancy because
of the spatial autocorrelation of the biophysical condition [44]. Although this aggregation of ESUs
could be easily removed by introducing additional objective function in geographic space [14,21,25],
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the cluster of the ESUs would allow reducing the implementation cost of the field campaigns which is
one of the key concerns of the present study.
A spatially-distributed and temporally-fixed strategy for the ESU sampling was adopted in
this study. Alternatively, a temporally independent strategy could be adopted for defining the ESU
sampling for multi-temporal field campaigns, i.e., different date uses different spatial distribution of
ESUs. The temporally independent manner may show better capacity to capture the temporal variation
of spatial heterogeneity. However, the temporally-fixed manner can provide additional information
of the temporal variation of vegetation at each ESU. The temporally-fixed strategy was here selected
because it allows locating the nodes of the wireless sensor network systems that will support the
validation activities in Wanglang experimental site [19,25,28].
To consider the rugged terrain, lack of roads and the block of rivers, we restricted the ESUs
within the sampling feasible region. Currently, the feasible region was established in a semi-empirical
manner based on our expert knowledge. Some more sophisticate algorithms (e.g., three-dimensional
terrain modeling, 3D analyzing and the shortest path algorithm) would enhance the rationality in the
definition of the feasible region.
In this study, NDVI was chosen to represent the biophysical properties of the study area.
One reason to select NDVI is because of its strong correlation with many biophysical variables.
Although other vegetation indices such as the soil adjusted vegetation index [45], the enhanced
vegetation index [46], the normalized difference water index [47] or the normalized canopy index [48]
were also recommended in some specified applications, they were often criticized for their vulnerability
to topographic effects [39]. Figure 6 showed the density scatterplots between the NDVI and the cosine
of the local solar incidence (cos(i)) in our study area, which is the most widely used quantitative
evaluation method for topographic effects [49]. It can be seen that NDVI was nearly independent from
cos(i) with R2 between them ranging from 0.0002 to 0.0194. NDVI was then selected as the auxiliary
variable for our sampling procedure due to its correlation with many biophysical variables and its
reduced sensibility to topographic effects.Remote Sens. 2017, 9, 1217 10 of 13 
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The topography is well recognized to influence the vegetation biophysical properties [50,51].
Topographical factors (e.g., slope) were introduced as auxiliary variables in our previous study [14].
However, the NDVI relates to biophysical properties more explicitly. The exclusion of topography
would not limit the representativeness of the sampled ESU considering the low sensibility of NDVI to
topographic effects for the study area and considered period.
The use of NDVI data from different sensor and years may introduce uncertainties in the
sampling procedure. However, our study area is a natural reserve where the anthropogenic activities
(e.g., logging and mining) are very limited and, consequently, induced rapid changes in biophysical
properties are not expected. Moreover, the study area is dominated by primeval forest with mean
age around 200 years and significant inter-annual variations in vegetation are not expected for the
period of the satellite acquisitions (Table 1). In our conditions, the NDVI data from different years is
expected to successfully represent the seasonal variations in surface heterogeneity. In addition, it was
demonstrated in a few studies that the Landsat data record shows satisfactory consistency, and can be
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safely used together for time series analysis [52,53]. Therefore, the combined use of Landsat 8/OLI
and Landsat 5/TM is also acceptable in the sampling procedure. An alternative to capture the seasonal
variations is the combination of Landsat 8 with Sentinel-2 images. However, the persistent cloud cover
during the monsoon (from July to September) hampers the collection of clear Sentinel-2 images in
our study area. Moreover, cross-calibration coefficients between Landsat 8 with Sentinel-2 retrieved
from pseudo-invariant sites [54] may be not suitable for mountainous areas. The footprints of sensor
observations vary considerably in size and center locations over time, which hamper the establishment
of robust cross-calibration coefficients [55]. This also prevents the normalization between Landsat
8/OLI and Landsat 5/TM data over reference targets.
According to the protocols established by the LPV subgroup [16] and the VALERI project [17], each
ESU corresponds to a pixel of the auxiliary high spatial resolution satellite data. In this study, the size of
each ESU is 30 m × 30 m corresponding to the spatial resolution of the OLI images. As recommended
by the two-stage nested sampling framework [16], a sampling procedure would also be implement
within each ESU by distributing the individual field measurements in squares, crosses or transects [17].
The specified sampling design within each ESU is out of the scope of this study.
Because of the lack of in-situ measurements, the sampling strategies were evaluated through
the comparison of the sampled and true NDVI frequency distributions. The sampling strategies will
be further evaluated using the in-situ measurements that will be collected in the Wanglang field
campaigns planned for the year 2018.
6. Conclusions
We proposed a sampling strategy to generate spatiotemporally representative and cost-efficient
ESUs based on the conditioned Latin hypercube methodology. The proposed sampling strategy was
constrained by multi-temporal NDVI, and the ESUs were limited within a feasible region established
based on accessibility criteria. A case study in Wanglang National Nature Reserve in China showed
that the proposed strategy can obtain more spatiotemporally representative ESUs (mean annual
Overlapping Area, OA = 74.7%), compared to the single-temporally constrained (OA = 68.7%) and
random sampling (OA = 63.1%) strategies. The minimum number of required ESUs was fixed to
twenty as a compromise between the spatiotemporal representativeness and the implementation cost.
The introduction of the feasible region constraint ensures an affordable cost for the field campaigns
at expenses of a degradation of about 9% in the spatiotemporal representativeness of the sampling.
The sampling design here proposed will support validation activities in Wanglang experimental site
providing a benchmark of spatially distributed and temporally fixed ESUs for locating the nodes of
wireless sensor network systems for the acquisition of temporally continuous field measurements.
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